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Abstract

In this paper we propose an unsupervised context-sensitive
technique for change-detection in multitemporal remote
sensing images. Here a modified Self-Organizing Feature
Map Neural Network is used. Each spatial position of the
input image corresponds to a neuron in the output layer
and the number of neurons in the input layer is equal to
the dimension of the input patterns. The network is up-
dated depending on some threshold value and when the net-
work converges status of output neurons depict the change-
detection map. To select a suitable threshold for initial-
ization of the network, a correlation based and an energy
based criteria are suggested. Experimental results, carried
out on two multispectral remote sensing images, confirm the
effectiveness of the proposed approach.

1 Introduction

In remote sensing applications, change-detection is the
process of identifying differences in the state of an object
or phenomenon by analyzing a pair of images acquired on
the same geographical area at different times [10]. Two pre-
processed images, radiometrically and geometrically cor-
rected, are compared pixel by pixel to generate a third im-
age, called the difference image, where differences between
the two acquisitions (images) are highlighted. For exam-
ple, the widely used change vector analysis (CVA) tech-
nique [1, 10] generates the difference image by consider-
ing several spectral channels. For each pair of correspond-
ing pixels, the “spectral change vector” is computed as the
difference of the feature vectors of two time stamps. The
pixel values in the difference image are then associated with
the magnitudes of this spectral change vectors. Unsuper-
vised change-detection can be carried out adopting either
context-insensitive [7] or context-sensitive [1, 4, 5, 8] proce-
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dures. Context-sensitive procedures based on Markov Ran-
dom Field (MRF) require selection of a proper model for
statistical distributions of changed and unchanged pixels.

In order to overcome the limitations imposed by the
need of selecting a statistical model for “change” and “no-
change” class distributions, in this paper we propose an
unsupervised context-sensitive change-detection technique
using modified Self-Organizing Feature Map (SOFM) neu-
ral network [3] which is distribution free. Unsupervised
change-detection technique is mandatory in many remote-
sensing applications as suitable ground-truth information is
not always available.

2 Kohonen’s Model of Self-Organizing Fea-
ture Map

Kohonen’s Self-Organizing Feature Map (SOFM) net-
work [6] consists of an input and an output layer. Each
neuron in the output layer is connected to all the neu-
rons in the input layer i.e., the m-dimensional input �U =
[u1, u2, ...., um] can be passed to all the output neurons. Let
the synaptic weight vector of an output neuron j be denoted
by �Wj = [wj1, wj2, ..., wjm]T , j = 1, 2, ..., r, where r
is the total number of neurons in the output layer and wjk

is the weight of the jth unit for the kth component of the
input. If the synaptic weight vector �Wi of output neuron
i is best matched with input vector �U , then

∑m
k=1 wik.uk

will be maximum among
∑m

k=1 wjk.uk, ∀j. The neuron
i is then called the wining neuron for the input vector �U .
Let hi(n) denote the topological neighborhood of wining
neuron i at epoch number n. For the ith unit and all of its
neighbors (defined by hi(n)) the following weight updating
rule is applied

�Wi(n + 1) =
�Wi(n) + η(n)(�U − �Wi(n))

‖ �Wi(n) + η(n)(�U − �Wi(n))‖ . (1)

Here, η (0 < η < 1) is the learning rate which decreases
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as n increases. The above updating procedure moves the
weight vector �Wi towards the input vector �U .

3 Change Detection using SOFM Network

In this section we describe a modified SOFM network
for change detection of remote sensing images that uses the
principle used in [3] for object background classification.

3.1 Description of Network Architecture

Let us consider two co-registered and radiometrically
corrected multispectral images X1 and X2, of size p × q,
acquired over the same area at times T1 and T2. Let
DI = {d(i, j), 1 ≤ i ≤ p, 1 ≤ j ≤ q} be the differ-
ence image obtained by applying the CVA technique [10]
on X1 and X2. In order to use a SOFM network for solv-
ing change-detection problems by exploiting both image ra-
diometric properties and spatial-contextual information, we
assign a neuron in the output layer of the network corre-
sponding to each spatial position (i, j) in DI . The spa-
tial correlation between neighboring pixels is modeled by
generating the input patterns corresponding to each pixel in
the spatial position (i, j) in DI , considering its neighboring
pixels. The number of neurons in the input layer is equal to
the dimension of the input patterns.

Let �Uij = [uij,1, uij,2, ..., uij,m] and �Wij =
[wij,1, wij,2, ..., wij,m]T respectively be the m-dimensional
input and weight vectors corresponding to neuron (i, j) lo-
cated at ith row and jth column of the output layer. To
keep the value of each component of the input less than
or equal to 1, let us apply a mapping function f where
f : [cmin, cmax] → [0, 1]. Here cmin and cmax are the
global minimum and maximum component values available
in the input vectors. The initial component values of the
weight vectors are chosen randomly in [0,1].

3.2 Learning of the Network Weights

The dot product, x(i, j), of �Uij and �Wij is

x(i, j) = �Uij . �Wij =
m∑

k=1

uij,k.wij,k. (2)

Now only those neurons for which x(i, j) ≥ t (here t is as-
sumed to be a pre-defined threshold) are allowed to modify
(update) their weights along with their neighbors (specified
by hij(.)). Consideration of a set of neighbors enables one
to grow the region by including those which might have
been dropped out because of the randomness of weights.
The weight updating procedure is performed using Equa-
tion 1. The value of learning rate parameter η and the size
of the topological neighborhood hij(.) decreases over n. To

check convergence, total output O(n) for each epoch num-
ber n is computed as follows

O(n) =
∑

x(i,j)≥t

x(i, j). (3)

The updating of the weights continue until |O(n) −
O(n − 1)| < δ, where δ is a preassigned small positive
quantity. After the network has converged, the pixel at spa-
tial position (i, j) in DI is assigned to changed region if
x(i, j) ≥ t; else to unchanged region. The network con-
verges for any value of t [3].

3.3 Threshold Selection Techniques

In the above algorithm, the updating of weights depends
on threshold t. Initially for a particular threshold t, the net-
work is updated until convergence. After convergence, if
x(i, j) ≥ t, then make the output value v(i, j) of neuron
(i, j) to +1, else to -1. Thus in the output layer the neu-
rons are divided into two classes C0 (represents unchanged
regions) and C1 (represents changed regions) and we gen-
erate a change-detection map corresponding to threshold t.
By varying t, different change-detection maps are generated
(threshold values are varied by an amount 1/lmax, where
lmax is the maximum gray value of DI). To select a thresh-
old t1 near the minimum error threshold t0 (corresponding
change-detection results contain minimum error), we pro-
pose two different criteria as described below.

3.3.1 Correlation Maximization Criterion

In this case correlation coefficient between the input se-
quence (DI) and the output sequence (change-detection
map, CI) is maximized to select the near optimal thresh-
old t1. As the threshold t is varied the change-detection
map also varies, therefore the value of the correlation co-
efficient is changed. When the threshold corresponds to
the boundary between changed and unchanged pixels, it be-
comes maximum. The correlation coefficient between DI
and CI (CDI,CI) for threshold t is defined as CDI,CI(t) =
Cov(DI,CI)

σDI .σCI
[9]. As d(i, j) and v(i, j) are the values of the

DI and CI at the position (i,j), respectively, then
CDI,CI(t) =

∑
i,j

d(i, j).v(i, j) −
1

p × q

∑
i,j

d(i, j).

∑
i,j

v(i, j)

√√√√∑
i,j

d(i, j)2 −

(∑
i,j

d(i, j)
)2

p × q
×

√√√√∑
i,j

v(i, j)2 −

(∑
i,j

v(i, j)
)2

p × q

.

(4)
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3.3.2 Energy based Criterion

In this case a near optimal threshold is found out by analyz-
ing the overall status of the change-detection maps obtained
with different thresholds. The overall status is measured by
the following energy function [2]

E(t) = −

p∑
i=1

q∑
j=1

( ∑
(y,z)εN2(i,j)

v(i, j).v(y, z)

)
−

p∑
i=1

q∑
j=1

v(i, j)2; (5)

where N2 is the 2nd order neighborhood. As

Figure 1. Energy value versus threshold
value. Threshold t1 is detected by the pro-
posed approach and t0 is the minimum error
threshold.

the value of v(i, j) = ±1, ∀(i, j), the above ex-
pression takes the minimum value when the gener-
ated change-detection map totally belongs to either un-
changed regions (v(i, j) = −1, ∀(i, j)) or changed regions
(v(i, j) = +1, ∀(i, j)). It takes the maximum value when
the number of unchanged and changed regions are very
high. In the proposed procedure, we first compute the en-
ergy of each change-detection map generated by a thresh-
old and plot these energy values versus the corresponding
threshold value (see Fig.1). By analyzing the behavior of
this graph, one can see that initially the value of E(t) in-
creases with t. After a certain threshold value, E(t) de-
creases. After that the energy does not change significantly
with change in threshold, i.e., changed and unchanged re-
gions are not significantly altered. We expect that we reach
this stable behavior of the energy function E(t) around
the minimum error threshold t0 (see Fig.1). If the thresh-
old value increases more, the energy changes slowly and
reaches a minimum when the whole output image belongs
to the unchanged class. By observing this general behavior,
we propose a heuristic technique that automatically selects
a threshold t1 close to t0.

(a) (b)

Figure 2. Reference maps: (a) Mexico data;
(b) Sardinia data

Algorithm for automatically deriving a threshold:
Step 0: Start
Step 1: Select the point (tz, E(tz)) on the curve E(.) (see
Fig.1) having maximum energy value.
Step 2: Join the points (tz, E(tz)) and (1, E(1)) by a
straight line E1(.) (depicted by dotted line).
Step 3: Select t2, so that {E1(t2) − E(t2)} =
max {E1(i) − E(i)}, tz ≤ i ≤ 1.0;
Step 4: Select the threshold t1, at the intersection of the
straight lines connecting (tz, E(tz)) and (t2, E(t2)) and
parallel to the abscissa passing through minimum energy
value E(1) (see Fig.1).
Step 5: Stop

4 Experimental Results

4.1 Description of Data Sets

In our experiments we used two data sets representing
areas of Mexico and Sardinia Island of Italy. For Mexico
data multispectral images (of size 512 × 512) acquired by
the Landsat Enhanced Thematic Mapper Plus (ETM+) sen-
sor of the Landsat-7 satellite, in an area of Mexico on April
2000 and May 2002 were considered. Between the two ac-
quisition dates, fire destroyed a large portion of the vegeta-
tion in the considered region. As band 4 is more effective to
locate the burned area, we generated the difference image
by considering only spectral band 4. Sardinia data is related
to Mulargia lake of Sardinia Island. It consists of Landsat-5
TM images (of size 412×300) acquired on September 1995
and July 1996, respectively. Between the two acquisition
dates the water level in the lake is changed. We applied the
CVA technique [10] on spectral bands 1, 2, 4, and 5 of the
two multispectral images, as preliminary experiments had
demonstrated that the above set of channels contains useful
information of the change in water level.

The available ground truth concerning the location of the
changes was used to prepare the “reference map” (Fig. 2)
which was further useful to assess change-detection errors.
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4.2 Description of the Experiments

The input vectors �Uij are generated corresponding to
each pixel (i, j) having nine components. The components
contain the gray value of itself and the gray values of its
neighboring pixels. Here N2 neighborhod is considered.
η is chosen as η(n) = 1

n . The initial neighborhood of a
neuron is taken as 11 × 11, and is reduced to 3 × 3 after
5 epochs and kept constant for the remaining epochs (until
convergence). The value of the convergence parameter δ is
taken to be 0.01.

The first experiment aims at assessing the validity of both
the proposed threshold selection criteria (as described in
section 3.3). To this end, the minimum error threshold t0
is chosen by a trial-and-error procedure where the change-
detection maps (when network converges) are generated by
varying threshold t and computing the change-detection er-
ror corresponding to each threshold by using the available
reference map (which is not available in real situation). The
minimum error threshold t0 corresponds to the minimum
change-detection error.

In order to establish the effectiveness of the proposed
technique, we compared the results produced by our method
with two other techniques described below. First, the ob-
tained results are compared with the results obtained by
a context-insensitive Manual Trial and Error Thresholding
(MTET) technique [1]. The MTET technique generates a
minimum error change-detection map under the hypothe-
sis of spatial independence among pixels by finding a min-
imum error decision threshold for DI . The minimum er-
ror decision threshold is obtained (with the help of the ref-
erence map) by computing a nonautomatic evaluation of
the change-detection errors for all values of the decision
threshold. Second, we compared the change-detection re-
sults obtained by the proposed approach with those obtained
by the context-sensitive technique presented in [1] based
on combined use of EM algorithm and Markov Random
Field (MRF) (we refer to it as EM+MRF technique). Com-
parisons were carried out in terms of both overall change-
detection error and number of false alarms (i.e., unchanged
pixels identified as changed ones) and missed alarms (i.e.,
changed pixels categorized as unchanged ones).

4.3 Results and Analysis

By analyzing Fig. 3 one can deduce that the automati-
cally detected thresholds by applying both the criteria are
near to the minimum error threshold t0 (for Mexico data).
Since the correlation based criteria selects higher thresh-
old value, it generates higher missed alarms and lower false
alarms as compared to energy based one.

From Table 1 it is seen that the overall error for Mexico
data obtained by the proposed technique using both corre-

(a) (b)

Figure 3. Variation of overall status versus
threshold (for Mexico data) using: (a) cor-
relation coefficient (detected threshold t1 =
0.232); and (b) energy value (detected thresh-
old t1 = 0.183). Detected thresholds are close
to the minimum error threshold t0 = 0.216

Table 1. Results for Mexico data
Techniques Missed False Overall

used alarms alarms error
Correlation 2039 1178 3217

Energy 583 2929 3512
MTET 2404 2187 4591

EM+MRF (β = 1.5) 946 2257 3203

lation and energy based criteria are far less than the overall
error obtained by the context-insensitive MTET technique.
Table 1 also reports the best change-detection results ob-
tained by the context-sensitive EM+MRF technique, when
the parameter β of MRF [1] was set to 1.5 (this value was
defined manually). It is also noticed that the results obtained
by EM+MRF technique is comparable with those obtained
using the proposed technique. It is to be noted that the pro-
posed technique does not require any parameter to be set
manually thereby resulting in a more practical tool for oper-
ational applications. The change-detection maps produced
by the network with both the criteria are shown in Fig. 4.

By analyzing Fig. 5 one can deduce that for Sardinia
data the proposed technique, based on both the correlation
and energy based criteria, selects the thresholds which are
on the left side of the minimum error threshold t0 thereby
may result in higher false alarms and lower missed alarms.
As the threshold selected by the energy based criterion is
more close to t0, it produced better change detection results.
By analyzing the results of Table 2, one can conclude that

the overall change-detection error for Sardinia data obtained
by the proposed technique, based on both the criteria, are
less than the error yielded by the context-insensitive MTET
technique and also comparable with the context-sensitive
EM+MRF technique. Fig. 6 shows the change-detection
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(a) (b)

Figure 4. The change-detection map obtained
for Mexico data using: (a) correlation crite-
rion; (b) energy criterion

(a) (b)

Figure 5. Variation of overall status versus
threshold (for Sardinia data) using: (a) cor-
relation coefficient (detected threshold t1 =
0.337); and (b) energy value (detected thresh-
old t1 = 0.356). Detected thresholds are close
to the minimum error threshold t0 = 0.368

Table 2. Results for Sardinia data
Techniques Missed False Overall

used alarms alarms error
Correlation 721 1164 1885

Energy 935 729 1664
MTET 1015 875 1890

EM+MRF (β = 2.2) 592 1108 1700

maps produced by the proposed technique.

5 Discussion and Conclusion

In this paper an unsupervised context-sensitive change-
detection technique based on modified SOFM has been pro-
posed. Experimental results obtained on different real mul-
titemporal data sets confirm the effectiveness of the pro-
posed approach. The proposed technique shows the follow-
ing advantages with respect to the context-sensitive change-
detection method based on EM+MRF [1]: i) it is distribu-
tion free, ii) it does not require the setting of regularization

(a) (b)

Figure 6. Change-detection map obtained for
Sardinia data using: (a) correlation criterion;
(b) energy criterion

input parameter (β), although SOFM itself has some param-
eters (like h(.), η); but there is no need to set them manually.
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